Abstract-The problem of influence maximization has attracted a lot of attention as it provides a way to improve marketing, branding, and product adoption. However, existing studies rarely consider the physical locations of the social users, although location is an important factor in targeted marketing. In this paper, we investigate the problem of influence spanning maximization in location-aware social networks. Our target is to identify the maximum spanning geographical regions in a query region, which is very different from the existing methods that focus on the quantity of the activated users in the query region. Since the problem is NP-hard, we develop one greedy algorithm with a 1 − 1/e approximation ratio and further improve its efficiency by developing an upper bound based approach. Then, we propose the OIR index by combining ordered influential node lists and an R*-tree and design the index based solution. The efficiency and effectiveness of our proposed solutions and index have been verified using three real datasets.
I. INTRODUCTION
Influence maximization has attracted considerable attention in recent years as a means of enhancing marketing campaigns through social networks. It has been investigated in many different forms. For instance, the topics are considered in the process of influence propagation in [2] . The user-to-user relationship may be weighted differently for different topics, the different weights on the relationships result in a different selection of the k seed users. [3] studied the influence maximization problem in a given query region in order to influence the maximum number of users in the query region. Similarly, [9] utilized the spatial distance to measure the influence spread of the selected seed users with regards to a query location. In addition, the influence maximization problem has also been studied at the community level [7] . All the above work focused on the maximum number of nodes to be influenced by the k selected seeds as a metric for studying the problem of influence maximization.
However, there is a significant and open problem in the current marketing: How do you select a certain number of users whose influence can maximally cover an agent's targeted geographical region. For example, consider a political campaign engagement via social networking. Social media has been a powerful engagement tool in recent political campaigns such as the Australian Election [1] . Under normal circumstances, a politician wants to target conversations in a particular region. To do this, the approach is to select or persuade a certain number of social users who have the maximum influence coverage within the targeted region. Inside the targeted region, it may have many small sub-regions that require more attention than others. The election candidate wants to influence more sub-regions where a minimum percentage of votes is needed in each sub-region to win the election. Therefore, the goal of this work is to influence the maximum number of subregions where in each sub-region there is a certain percentage of social users can be successfully influenced. There are other social network driven campaigns in real world scenarios such as physical advertisement placement, new service facility placement, and call-for-sport-events, that might benefit from this line of research.
To address this problem, we propose and investigate the problem of geo-social influence spanning maximization in location-aware social networks. Given a query with a query region R, a minimum covering percentage ρ and a number k, we find the Maximal Geographical Spanning Regions (MGSR) R ⊆ R satisfying at least ρ percent of users in R that can be influenced by k users. Increasing ρ results in smaller, more condensed spanning coverage, while decreasing ρ results in larger, more sparse spanning coverage.
Definition 1: (Countable GG of a Node) Given a node u as a seed and its activated node set A(u), a geographic grid GG i is countable if and only if it is reachable by u; and it satisfies |{v|v∈GGi∩A(u)}| |{v|v∈GGi}| ≥ ρ where |{v|v ∈ GG i }| is the total number of nodes appearing in the coverage of geographic grid GG i , and ρ is the minimal covering ratio.
Definition 2: (The Geographic Influence Span GIS of a Node) Given a node u in a social network, its geographic influence span GIS(u) is the set of countable grids GG of the node u based on Definition 1.
Definition 3: (Maximum Geographic Spanning Region
Query MGSR) Given a location-based social network G = (V, E, P ), a MGSR query q with the parameters (R, k, ρ), where R is a query region, k is the maximum number of seed nodes to be selected, and ρ is the minimal covering ratio, find a k-vertex set S ⊆ V and a set of influence spanning regions GIS(S) ⊆ R such that MGSR(S) = arg max
(1) subject to |{v|v ∈ GG i ∩ A(S)}| |{v|v ∈ GG i }| ≥ ρ Here, α is a tradeoff parameter.
II. OUR SOLUTIONS
Greedy Approach: The submodular property of MGSR allows the seed node to be incrementally selected with the maximum marginal gain in influence for a query region. Then, the valid geographic influence span is identified based on the activated nodes in the query region. Finally, the search is incrementally expanded until k verified seed nodes are found, or until the geographic influence span of the current seed node set cannot be increased any further. The approximate MGSR approach can achieve a (1 − 1/e) approximation ratio by greedily identifying the top-k seeds. Our approach uses incremental expansion with a submodular set function subject to a knapsack constraint as originally described in Theorem 1 in [8] .
Upper Bound based Approach: To improve the efficiency of the greedy algorithm, we now develop an upper bound based approach to address the MGSR problem, which can prune out unnecessary candidate nodes during the computation. We propose the definition of Countable Regional Upper Bound of a Node. The countable regional upper bound of a node is the regional upper bound minus the overlaps with the previous seeds. Based on the countable regional upper bound of a node u and the number of nodes covered by the countable MBR, the incremental score of MGSR can be computed as MGSR(S i−1 ∪ {u})-MGSR(S i−1 ).
The OIR*-Tree Index based Solution: The basic idea is that given a query region, first find all the sub-regions to be covered by the query region from the OIR based on a hybrid social-andspatial index. Then, incrementally determine if the sub-region satisfies the given query requirement (ρ,k). If so, a k-vertex set that can activate ρ percent of the nodes in a sub-region exists. By doing this, a subset of significant sub-regions are identified. Starting from the significant sub-regions with a maximum span, we can compute the MGSR and find the corresponding candidate seed nodes. Figure ? ? and Figure ? ? present an example of the indexing structure used for maintaining the social graph.
III. RESULTS AND CONCLUSIONS
We conducted the experiments on three real datasetsGowalla, Twitter, and Foursquare, and compared the performance of our proposed solutions. From Figure 1 , we can see that our proposed index-based approach performs much better than the greedy and upper bound approaches on all three datasets. The experimental results also show that the time cost of the three algorithms grows linearly as k increases. Additional results also show that varying ρ values does not affect the running time. Based on the results in Figure 2 , we can see that the spanning coverage ratio is not always increased much with the increase of k size. Additionally, it verifies that our proposed MGSR model can successfully obtain the maximum coverage for different types of social users' geographic distribution on different datasets. The detailed results and discussion can be seen from the journal version in [6] .
The outcome of this research helps users to easily determine the seed set that maximally influences the users preferred regions. This work provides a new and convenient way for users to make decision on when and where to launch marketing campaigns. In the future, we would like to explore the opportunity of influence maximization in the application of personalized topic search [4] , [5] .
